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Abstract

The emepgenceof the world-wide-webhasled to anincreasednterestin methodsfor searchingor information.
A key characteristioof mary of the online documentcollectionsis that the documentshave predefinedcateyory
information, for example, the variety of scientific articlesaccessiblevia digital libraries (e.g., ACM, |IEEE, etc.),
medical articles, news-wires, and various directories(e.g., Yahoo, OpenDirectoryProject, etc.). However, most
previous information retrieval systemshave not taken the pre-isting cateyory information into account. In this
paper we proposedweight adjustmentschemeshasedupon the catgory information in the vectorspacemodel,
which are ableto selectthe mostcontentspecificand discriminatingfeatures. Our experimentalresultson TREC
datasetsshawv thatthe pre-&isting category informationdoesprovide additionalbeneficialinformationto improve
retrieval. The proposedweight adjustmentschemesperform betterthan the vectorspacemodel with the inverse
documentfrequeng (IDF) weightingschemewvhenqueriesare lessspecific. The proposedwveightingschemesan
alsobenefitretrieval whenclustersareusedasanapproximatiorto cateyories.

*This work was supportecby NSF CCR-9972519F1A-9986042,ACI-9982274 by Army ResearclOffice contractDA/DAAG55-98-1-0441,
by the DOE ASCI program,andby Army High Performance&omputingResearctCentercontractnumberDAAH04-95-C-0008.



1 Introduction

The emepgenceof the world-wide-webhasled to anincreasednterestin methodsfor searchingor information. An
importantcharacteristiof the online documentcollectionsis that more and more predefinedcategory information
is available,for example,digital libraries categories( e.g.,ACM, IEEE, etc. ), medicalarticles( e.g.,Medline etc.
) andweb directories( e.g., Yahoo,OpenDirectoryProject, Googleetc.), In the meantime text classificationand
organizatiorhasbeenextensiely studiedin bothinformationretrieval andtext mining literatures.However, thereis
little work doneon combiningthe category informationwith traditionallR techniquego improveretrieval. Srinivasan
[13, 14] combinedcateyory labelsand original querytermsto expandqueries. The catgyory labels( MeSH terms)
indeedimprove the quality of the retrieved information. However, the proposednethodhasrequirement®n class
labels,which makesthis approachhardto be generalized Anothersetof techniquesitilizing category information
is supervisedlimensionalityreductionwhich refersto the setof techniqueshattake advantageof class-membership
informationwhile computingthe lower dimensionakpace.Examplesof suchtechniquesncludea variety of feature
selectionschemedl, 7, 9, 8, 17, 4, 16, 11, 10] that reducethe dimensionalityby selectinga subsetof the original
featurestechniqueghat createnew featuresby clusteringthe terms[2], techniquesasedon local latent semantic
indexing [5, 12], andtechniquedasedn supervisedoncepindexing [6].

All thesepreviousapproachesnly useda limited portionof the additionalinformationamongdocumentshatthe
pre-«isting category informationprovidesus. Presumablythe manuallyconstructedatayory informationprovides
additionalthematicinformationthatcanbenefitfurthertermstudiesandenhanceetrieval.

In this paperwe exploredanalternatie wayto utilize category informationby adjustingtermweightsbasedupon
theterm’s distribution amongcategories.We presented normalizedentrory (NE) methodto determinghe category
specificity of eachterm, from which we derived two supervisederm weighting schemes. The evaluationresults
on TREC datasetsshav that the proposedschemesutperformthe traditional IDF schemesignificantlywhenthe
gueriescontainmore thana few specifictermsand achieve competitive resultson shortand well-definedqueries.
The experimentalresultsalso shav that the proposederm weightingschemesansstill benefitretrieval even when
catgyoriesareapproximatedby clusterswhich aregenerateéutomatically

2 Supervised Term Weighting Schemes

Ourresearctof utilizing categoryinformationis motivatedby analyzingthedistribution of relevantdocumentsacross
catgyorieson variousdatasets. This analysisindicatesthat relevantdocumentdendto concentratento a few cate-
gories.Table1 shawvs suchanalysison two datasets:FT andLATimes,which compareshe obseneddistribution of
relevantdocumentandthe expecteddistribution if they weredistributeduniformly. We calculatedhe entrogy of the
relevantdocumentglistributionamongcategoriesasthefollowing:

entropy(t) = — » _ P(clti) log P(clt;)

ceC

whereC is the setof cateyories. The expectedentropy valueswere calculatedbaseduponthe underlyingcategyory
distribution assumingherelevantdocumentsveredistributeduniformly acrosghe collection.In Table1, we present
the obsered meanand standarddeviation of the entroyy, the expectedvalue andt-value of the differencefor both
FT datasetandLATimesdataset. The significantlevels areall above 0.01,which indicatesthat the distribution of
relevantdocuments@crossategoriesis far from uniform.

Table 1: Comparison of observed relevant documents distribution against expected if relevant documents were distributed uniformly

Dataset #of queries | mean | s.d. | expected | t-value
LATimes(20) 54 164 | .40 2.39 13.5
FT(>50) 33 183 | .55 3.869 20.88

This obseredcharacteristiof relevantdocumenténdicateghatrelevantdocumentsnay containcategory specific
terms,which make thoserelevantdocument$elongto particularcateyories.If we canconstructa methodthatis able
to distinguishcategory specifictermsfrom otherterms,thensomeha we associatehematicmeaningswith terms,
which allows usto beableto emphasiz¢hetermsthatrepresenthe contentof documentandcateyories.



Table 2: An example: Query 360

< num > Number:360 drug | benefit | legal
< title >druglegalizationbenefits IDF 27222 ] 2.9139 | 2.8008
< desc > Description: NE 0.1326 | 0.1374 | 0.1979
e o # of relv docs 48 6 44
Whatarethebenefitsjf ary, of druglegalization (b)
(a)
the IDF Scheme theNE Scheme
DocID | Relv?  Drug Benefit Legal DocID | Relv?  Drug Benefit Legal
29493 r 1.0000 0.6250 0.6250 27426 r 1.0000 05238 0.7619
27426 r 1.0000 0.5238 0.7619 115777 r 1.0000 0.5100 0.7200
115777 r 1.0000 0.5100 0.7200 29493 r 1.0000 0.6250 0.6250
24656 r 1.0000 0.5500  0.6000 117947 r 1.0000 0 1.0000
54526 n 0.5333 1.0000 0.5667 29495 r 1.0000 0 1.0000
91955 n 0.7778 0.6111 0.7222 91955 n 0.7778 0.6111 0.7222
5509 n 1.0000 0.5357 0.5714 24656 r 1.0000 0.5500  0.6000
(c) (d)

To find out the termsrepresentingontentaccordingto cateyory information,we developeda measureof term
specificitybasedupona term’s distribution amongcateyories. If atermonly appearsn oneor few categyories,it has
high certaintywith respecto thesecategories.Ontheotherhand,if atermappearsacrosanmostof thecateyories then
the possibilitythatthetermrepresentthe contentof ary catgyoryis low. We usednormalizedentrofy asthemeasure
of this categoryinformationuncertaintywhich is definedasfollows:

M
NE() =—)_ pijlogpij, )
i=1
where M is the total numberof catgyories,and pjj is given by %, with P(tj|ci) equalsthe numberof
k=1 T 1k

documentgontainingthetermt; in thecategyoryc; dividedby thetotalnumberof documentsn the categoryc;.
Thenormalizedentrofy (NE) definedabove eliminatesthe effect of thevariationof cateyory sizes.The portionof
thedocumentsontainingthetermt; in the category ¢ is moresuitableto representhe distribution of thetermthen
theabsolutenumberof documentgontainingthetermt;. Whenall the catgyorieshave similar sizes,pij = P(Gi|t;) .
In therestof this section,we will presentwo termweightingschemesthe normalizedentrogy (NE) schemend
thecombined\E andIDF schemewhichderivethetermweightsbaseduponthenormalizedentrofy describedibove.
We referthemassupervisedermweightingschemes.

2.1 The Normalized Entropy Scheme

In thenormalizedentrogy (NE) schemetheweightof thetermt; is givenby
Wy = NEmax — NE(tj),

whereN Emax is themaximumnormalizedentroyy of all thetermsandN Ey is definedn Equationl. Thenormalized
entropy (NE) schemewill give highweightsto thetermsthatarespecificto afew cateyories.

We presentanexampleto illustratehow the normalizedentrogy (NE) schemas ableto emphasizeontentspecific
terms,whichthe IDF schemdails to identify. The exampleis to performthe querynumber360onthe LATimesdata
set.

Table?2 (a) describeshe contentof the query Table2 (b) shovsthe differentweightsassignedy the IDF scheme
andthe NE schemeto the threetermsin the query 360 and the numberof relevant documentghat really contain
thatterm. The IDF schemegives similar weightsto all the threeterms,which meansthey occurin the collection
with similar frequeng. However, they do behae differently accordingto the NE scheme.“legalization”is more
catgyory specificthenthe others,which represent&n importantcomponenbf the relevant documents.Insteadof
giving the highestweightto “benefit” asthe IDF schemethe NE schemes ableto emphasizehe contentspecific



term*“legalization”.

Table 2 (c) andTable 2 (d) list the first seven documentgetrieved by the IDF schemeandthe NE schemefe-
spectvely. Eachentry containsthe retrieved documentD, whetherthe documents relevantor not, followed by the
normalizedterm frequeng for eachqueryterm, wherethe normalizedterm frequeng will be definedin detailsin
Section3. By giving moreweightto theterm*“legalization”andlessweightto theterm“benefit”, the NE schemds
ableto retrieve relevantdocumentghat do not containthe term “benefit” explicitly. This exampleillustratesone of
thelimitationsof theIDF schemewhenall thetermsoccurin the collationwith similar moderatdrequeng, theIDF
schemeannotfurthertell the differencebasedupontheterm’s distribution.

2.2 The Combined NE and IDF Scheme

Thenormalizedentrogy (NE) scheméiasnicepropertieso emphasizéhe contentspecificterms.However, it alsohas
limitations: the contentspecifictermscanleadusto the bestmatchingcateyories,but if thosetermsarethecommon
termsin the cateyories,thenthosetermsactually have limited discriminatingpower. They are not ableto further
distinguishrelevantdocumentdrom the irrelevantdocumentsn the samecategories. We canunderstandhis more
clearlyby comparing\NE with IDF in thefollowing table.

Table 3: Entropy vs. IDF

high Entropy | low Entropy
high IDF Good Good/Bad
low IDF Good/Bad Bad

Table 3 shows the four possiblecombinationsof NE and IDF valuesfor a term. The termswith high NE and
low IDF arehelpful for locatingcategories,but arenot ableto future eliminatethe irrelevantdocumentsn the same
catgyories.By combiningIDF andNE, we canavoid to emphasizéoo muchonthoseterms.

In addition,the termswith low NE andhigh IDF will be goodtermsto retrieve relevanceif theinformationneed
coverslargernumberof cateyories,in which case the useof NE asterm selectingcriteriawill de-emphasizéhose
goodterms.Ontheotherhand thosetermswill bebadif theinformationneedonly coverssmallnumberof cateyories,
in which casetheuseof NE will correctthewrongemphasisausedy the IDF schemeThis natureof NE leadsto
avariationof the performancei.e., theimprovementgainedby utilizing category informationtendsto increasevhen
thecateyory structurematchegheinformationneedbetter

We developedthe combinedschemeto furtherimprove the normalizedentrory (NE) schemeby combiningIDF
andNE asfollows:

wy; = (NEmax — NE(t))) * IDF})“,

whereNEmay is the maximumnormalizedentrofy of all theterms,IDFj is the IDF valueof thetermt; and« is the
scalingpower.

The combinedschemewill give high weightsto the termsthat are both categyory specificandinfrequent. It is
natureto have « = 1, in which case,the combinedschemegives much higherweightsto thosecateyory specific
andinfrequentermsthanthe otherterms,which mayresultin alossof informationwhenqueriesonly containa few
terms. To make the combinedschemehave the samescaleafter transfermationwe chooseanotherscalingpower to
be0.5,sincelDF andNE arebothlogarithmicfunctions.In thefollowing evaluationsection we performedwo trails
of experimentswith « = .5anda = 1.

3 Experimental Evaluation

We selectedhreesubcollectionsn the TREC collectionthathave categyory informationasour experimalcollections.
The statisticsof the threecollections: Financial Times Limited (FT), Los AngelesTimes (LATimes)and SanJose
Mercury News (SJM)areshown in table4. We derived catgyory informationfrom the IN field, SECTIONfield and
DESCRIPTTfield, respectiely. For eachcollection,we collectedqueriesfrom TREC ad hoctopicsthathave relevent
documentsn thatcollection. Eachquerycontainsthreeparts: a title, a descriptionanda narratve. We formedthree
typesof querysets:long (t+d+n), medium(t+d) andshort(t) by includingall threeparts,title anddescriptionparts,
andtitle partonly, respectiely. The queriesof SIMarefrom TREC-4adhoctopics,which only have thedescription



part,thusonly themediumtypequeriesarepresentedTable4 shovsthestatisticsof thequerysetsfor eachcollection.

Table 4: Statistics for Data Sets and Queries
Data sets Statistics

Dataset | #ofdocs | #of classes| minclasssize | maxclasssize | avg classsize
FT 210,158 83 26 14670 2632
LATimes | 131,896 22 89 25837 5052
SIM 70,980 281 62 4456 492

Queries Statistics

Dataset | #of queries | #avgrelevantdocs | avglength(t) | avglength(t+d) | avglength(t+d+n)
FT 141 34.63 241 7.9 21.21
LATimes 142 24.5 2.40 8.1 21.52
SIM 45 24.4 — 7.37 —

Foreachdocumentn ourdatasetswe useda stop-listto remose commonwordsandthewordswerestemmedising
Porters suffix-stripping algorithm. We representeg@achdocumeni asatermvectorusingthe popularvectorspace
model,in which thevaluefor eachtermt; wasdefinedasfollows:

tf;.
i =(05+05—1 :
wij = (0.5+ max; (tfij)) * Wi ,

wheretf;; is thetermfrequeng of theterm j in thedocument, wy; is thetermweightof thetermt; assignedy the

IDF termweightingschemeor our supervisedermweightingschemesEachqueryalsowasrepresentedsa term
vectorwith the valuefor eachtermt; asthenormalizedermfrequeng: wij = 0.5+ OS%”—) wheretf;; is the
termfrequeng of theterm j in thequeryi. Thenwe performeda dot-producsimilarity searchbetweemueriesand
everydocumentn thedatacollection.We useduninterpolatedverageprecisionto measureheretrieval effectiveness
amongvarioustermweightingschemesPrecisioris definedastheratio of thenumberof relevantdocumentsetrieved
overthe numberof retrieveddocumentsWe computethe precisiorwheneachrelevantdocuments retrieved,andthe
averageof all precisionvaluestheuninterpolate@verageprecisionjs usedto measurehe performancef thevarious

termweightingscheme®n a particularquery

3.1 Supervised Term Weighting Schemes

Ourfirst setof experimentfocusedon comparinghe performancef thevarioussupervisedermweightingschemes
againsthatachiezedby thetraditionall DF scheméhatdoesnottake categjoryinformationinto account.Theseresults
areshovn in Table5 thatshavsthe averageprecisionachievedby thevarioustermweightingschemesnthedifferent
queriedor thethreedatasetsEachrow in thistablecorrespondto a particulartermweightingschemendthevarious
columnscorrespondo the differentdatasetsand querytypes. In particular the row labeled“IDF” correspondso
the traditional IDF schemethe row labeled“NE” correspondso the normalizedentrofy schemethe row labeled
“IDF*NE” corresponds$o the combinedschemewith « = 1.0, andthe schemdabeled” +IDF*NE” correspond$o
thecombinedschemewith @ = .5. We useboldfacedfontsto highlight the bestresultsfor a particularquery-dataset
combinationandtheentriesthatachievedthe bestoverall resultsfor eachdatasetarealsounderlined.

Table 5: Comparison of the average precision achieved by four term weighting schemes

FT LATimes SIM

schemes t+d+n t+d t t+d+n t+d t t+d
TF 0.092 | 0.151 | 0.228 | 0.071 | 0.148 | 0.224 | 0.135
IDF 0.205 | 0.267 | 0.261 | 0.163 | 0.227 | 0.244 0.176
NE 0.275 | 0.285 | 0.248 | 0.220 | 0.240 | 0.226 | 0.186
IDF*NE 0.285 0.277 | 0.240 | 0.240 | 0.229 | 0.221 | 0.176
JVIDF %« NE 0.269 | 0.288 | 0.255 | 0.210 | 0.243 0.240 | 0.189




Looking at the resultsin this table we can seethat the performanceof the varioussupervisederm weighting
schemeslepend®n the querytype. In particular for shortqueries(t), the proposedermweightingschemesendto
performsomeavhatworsethanthetraditionall DF schemeThetraditionall DF schemevorking well for shortqueries
onTRECdatasetsis notsurprising sinceasexploredby Greiff [3], for thequerytermsin thetitle anddescriptiorparts
of TRECqueriesthedocumenfrequeng of atermis agoodapproximatiorof theweightof evidencethatadocument
containghattermis relevant. However, asthelengthof thequeriesncreasesll threeproposedchemeseadto better
resultsthanthoseobtainedby IDF. For the medium-sizequeries(t+d), they leadto improvementsover IDF thatrange
from 0% to 8%, whereador long queriestheseimprovementgangefrom 28%to 48%. Among the threeproposed
schemeswe can seethat the combinedschemewith « = 1.0 outperformsthe restfor long queries,whereasthe
combinedschemewith « = .5 doesthe beston shortandmedium-lengtlqueries.Comparinghe performancef the
supervisedermweighingschemescrosshe differentdatasetsve canseethatthey leadto betterresultsfor FT and
SJMandto someavhatworseresultsfor the LATimesdatasetThebestresultsfor FT andSJMdatasetacrossall types
of queriesandterm-weightingschemesvereachiezedby the combinedschemewith « = .5, which alsoachiezedthe
secondestresultfor the LATimesdatasetThereasorfor the performancef the supervisedermweightingschemes
worsethanthat of the IDF schemeon the LATimesdatasemay be dueto the factthatthe numberof cateyoriesin
the LATimesdatasetvasvery small. Consequentlythe supervisedermweightingschemeganonly provide limited
additionaldiscriminatingpower.

In generaltheresultsin Table5 suggesthatthe proposedgupervisedermweightingschemesreespeciallyuseful
whenthe queriescontainmorethanjust a few terms. Suchmoderatelylarge queries,quite often containtermsthat
arenotvery importantin identifying relevantdocumentsAs aresult,by utilizing category informationthe proposed
schemeganreducetheimportanceof thesetermsduringthe rankingcalculations The ability of the supervisederm
weightingschemedo de-emphasizeuchtermsis alsothe reasonwhy the combinedschemewith o = 1.0 doesso
well for largequeries.Recallfrom Section2.2thatwhena = 1.0, the combinedschemeendsto assigrhigh weights
to termsthatareboth cateyory specificandinfrequentandmuchsmallerweightto the restof theterms. The weight
differencebetweenthesesetof termsis muchhigherfor this schemehanfor ary of the othersupervisedschemes.
Now, in large queries the numberof non-criticaltermswill tendto be quite large, asa resultthe combinedscheme
with « = 1.0 will end-upfocusingon only afew of thesetermsandgive very small weightsto a large numberof
non-catgory specificandfrequentterms,improving the overallretrieval results.

3.2 Unsupervised Term Weighting Schemes

Oursecondsetof experimentfocusedon evaluatingwhetheror notthe proposedupervisedermweightingschemes
canalsoleadto retrievalimprovementavhenthe cateyoriesareautomaticallydiscoreredusinga clusteringalgorithm.
Themotivationbehindthis approaclis thatthedocumentsvithin eachclusterwill mostlik ely bepartof thesametopic,
andassuchthedistribution of thetermsin theseclusterscanbe usedto extractsomeadditionalthematicinformation,
which canbenefitretrieval. To this end,we useda vectorspacebisectingK -meanslusteringalgorithm[15] to cluster
eachoneof thedatasetinto a certainnumberof clustersk, andthentreateachof theseclustersasa separateateyory
andapplythevarioussupervisedermweightingschemeslescribedn Section2. We referthis setof termweighting
schemesisunsupervisetermweightingschemes.

Table 6 shavs the averageprecisionobtainedfor the differenttypesof queriesand datasetdor differentvalues
of k. Similarto our earlierpresentationwe boldfacedthe entriesthatachieve the bestresultsfor eachquery-dataset
combinatiorandunderlinedhe entriesthatachiezedthe bestresultsfor eachdataset.

A numberof interestingobsenationscan be madeby looking at the resultsof Table6. First, asthe numberof
clustersincreasesthe averageprecisionachiezed by the threeterm weighting schemeslsotendsto increase.For
mosttypesof queriesanddatasetsthe highestvaluesfor eachtermweightingschemeareoftenachiezedfor 100-150
clusters. Second the relative performanceof the threesupervisederm weightingschemedor the differentquery
typesis quite similar to the relative performanceachiered whenthe actualcategorieswereused(Table5). For short
and mediumqueries,the combinedschemewith « = 0.5 tendsto performbetterthanthe othertwo, whereasor
large queriesthe combinedschemewith « = 1.0 doesthe best. Third, for shortand mediumlength queries,the
relative performancef the combinedschemewith « = 1.0 approacheshat of the combinedschemewith « = 0.5
asthe numberof clustersincreasesThis is dueto the factthatask increasesthe normalizedentrofy of eachterm
becomesmallsincethetermis distributedacrosamoreclusters.Consequentlthe weightsof thesetermsusingthe
NE approactbecomesmallerandmoreuniform.

Finally, comparingthe performancechiesed by the clustering-basedpproacheto thatobtainedwhenthe actual



Table 6: Comparison of the average precision achieved by unsupervised term weighting schemes with various number of clusters

FT Data Set
# of t+d+n t+d t
clusters NE IDF*NE IDF x NE NE IDF*NE IDF x NE NE IDF * NE IDF x NE

25 0.2219 0.2647 0.2167 0.2645 0.2718 0.2699 0.2463 0.2397 0.2550
50 0.2486 0.2805 0.2335 0.2747 0.2779 0.2780 0.2503 0.2411 0.2589
75 0.2517 0.2844 0.2353 0.2749 0.2783 0.2806 0.2507 0.2447 0.2571
100 0.2510 0.2815 0.2354 0.2770 0.2800 0.2799 0.2536 0.2471 0.2586
125 0.2503 | 0.2841 0.2347 0.2719 | 0.2796 0.2775 0.2540 0.2465 0.2579
150 0.2548 0.2832 0.2353 0.2767 | 0.2795 0.2812 0.2537 0.2489 0.2580

LATimes Data Set

# of t+d+n t+d t
clusters NE IDF*NE IDF * NE NE IDF*NE IDF * NE NE IDF * NE IDF «NE
25 0.1873 | 0.2410 0.1845 0.2278 | 0.2318 0.2329 0.2221 0.2172 0.2371
50 0.1996 | 0.2422 0.1921 0.2315 | 0.2330 0.2344 0.2277 0.2187 0.2387
75 0.2098 | 0.2498 0.1883 0.2364 | 0.2340 0.2356 0.2263 0.2192 0.2379
100 0.2227 | 0.2512 0.2016 0.2386 | 0.2380 0.2374 0.2301 0.2218 0.2422
125 0.2220 | 0.2548 0.1993 0.2375 | 0.2378 0.2408 0.2314 0.2221 0.2427
150 0.2267 0.2578 0.2039 0.2449 0.2353 0.2422 0.2312 0.2213 0.2426
SIM Data Set
# of clusters NE IDF*NE IDF x NE

25 0.1701 | 0.1657 0.1773

50 0.1772 | 0.1763 0.1802

75 0.1799 | 0.1724 0.1819

100 0.1811 | 0.1743 0.1828

125 0.1793 | 0.1728 0.1825

150 0.1817 0.1736 0.1824

catgyory informationwasusedwe canseethatthereis little differencebetweenthe correspondingchemesFor all
datasetsand querytypes,the bestclustering-basedolutionis usuallywithin 0%—3%of that of the cateyory-based
solution. Moreover, the clustering-basedolutionsare considerablybetter(rangingfrom 0%—-45%)thanthe results
obtainedby IDF for mediumandlong queries.This suggestshatthe proposedschemeganbe usedto improve the
retrieval performancevenin theabsencef categyoryinformation.

4 Conclusions and Future Work

In this paper we exploredan alternatve way to utilize pre-&isting category information: determiningtermweights
baseduponcateyory specificity We proposedwo supervisedermweightingschemesthe normalizedentropy (NE)
schemendthecombinedschemeTheexperimentatesultsshov thatthesetwo schemesubstantiallyoutperformthe
IDF schemavhenqueriesarelessspecificandachiere similar resultswhenqueriesareshortandonly containspecific
terms. The resultsconfirm that pre-&isting catgyory informationindeedcontainsvaluablethematicinformationto
improve retrieval andthe proposedschemesomehav are ableto capturethe hiddeninformation. In addition, the
proposedchemeganbeextendedo computeermweightsbaseduponclusterspecificity

Therearetwo issueseedto bestudiedto furtherunderstanthe proposedchemeskFirst, we wouldlike to conduct
similar dataexplorationanalysisasstatedin [3] to understandhe relationshipbetweerthe weight of evidence,IDF
andNE whenqueriesarelesswell-defined.This studywould give us a morerigorousexplanationwhy the proposed
schemeswork. Second the scalingparametenf the combinedschemedoeschangethe behaior of the scheme.
The schemewith scalingpower of oneworks betterwith longerqueries whereaghe schemewith scalingpower of
0.5 works betterwith shorterqueries. A full parametestudyis neededo uncover the insight of this behaior and
potentiallycanhelpto furtherimprove the proposedgchemes.
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